We use a recently developed right-tail variation of the Augmented Dickey-Fuller unit root test to identify and date-stamp periods of mildly explosive behavior in the weekly time series of seven U.
Introduction
Yield spreads are widely used in theoretical and empirical modelling in macroeconomics and finance as measures of financial risk. Often, they offer investors a clearer picture of the underlying financial trade-offs than the individual yields (or interest rates) that are used to construct them. Yield spreads can be especially informative of the channels through which financial asset prices affect (or are related to) the real side of an economy, as their magnitude tends to vary following or anticipating the business cycle. 1 As it is extensively documented in the empirical literature, many spreads tend to suddenly spike at times of financial distress. 2 It follows that understanding the dynamics of risk and risk premia incorporated in the prices of securities and corresponding spreads has practical implications for both policymakers and portfolio managers. 3 The ability to identify the particular market segments in which risk premia exhibit unstable behavior at times of crisis may allow policy makers to better calibrate their interventions. By comprehending and, possibly, discerning how such unstable dynamics migrate across the economy, policy makers can evaluate the degree of insularity of individual markets to economic and financial shocks. Moreover, changes in the time evolution of risk premia can suggest investors alternative diversification approaches and may have consequences on the cost of borrowing, the portfolio strategies of different types of economic agents, and the way interest rates and yield spreads are (or should be) modelled for economic and financial forecasting.
Both researchers and practitioners generally view U.S. fixed income markets as the epicenter of the Great Financial Crisis of 2007-09. In this paper, we propose a data-driven econometric exercise characterized by a twofold objective: (i) the identification of the segment of U.S. fixed income markets that represents the core of the Great Financial Crisis; in the time series of an asset price of interest. 4 However, more broadly and depending on the specific context, this strategy can be useful to identify episodes of exuberance, collapse, and adjustment, as well as structural breaks, periods of regime change, or incidents of panic and turmoil in a given market. Once detected in the yield spreads in the sample, we study the propagation of their mildly explosive behavior, which we can view as financial distress, across segments of U.S. fixed income markets.
Overall, we find evidence of mildly explosive behavior in six out of the seven yield spreads in the sample and show that such unstable dynamics peak in the corresponding six underlying U.S. fixed income markets between August 2007 and January 2009 and occur sequentially first in short-term funding markets and later in more volatile medium-and long-term markets. We also detect a pattern of migration of these unstable dynamics during the period of the Great Financial Crisis. In particular, migration occurs from short-term funding markets to more volatile medium-and long-term markets.
Furthermore, we formally investigate the conjecture, originally proposed by Gorton (2009a,b) , that the collapse of the synthetic market built on sub-prime residential mortgages could be one of the main diffusion chambers of the Great Financial Crisis, the episode that triggered a chain reaction that spread across other fixed income markets. In other words, we statistically explore the possibility that the financial panic of 2007 initially migrated from specific segments of the market for protection from sub-prime residential mortgages, whose risk is traded via ABX indices, to other fixed income markets. Seen through the lens of models of bank/financial runs with sunspot equilibria, the ABX index drop that occurred in 2007 may have acted as a focal shock that favored the emergence of a (shadow) bank-run equilibrium consistent with the mechanism described in Diamond and Dybig (1983) . In this paper, we provide statistical support of Gorton (2009a,b) 's conjecture through the identification of panic transmission from the market of sub-prime residential mortgages to some of the other U.S. fixed income markets in the sample.
The rest of this paper is structured as follows. Section 2 summarizes the methodology that we use. Section 3 describes the dataset. Section 4 discusses the results and their interpretation. Section 5 revisits the argument made in Gorton (2009a,b) in the context that we propose. Section 6 concludes.
Research Methodology
Failing to recognize unstable dynamics in time-series data, in real time or, at least, as soon as possible after they develop, has potentially serious implications. However, even in retrospect, their identification is not an easy task to accomplish, as it is discussed extensively in the empirical literature, especially in the context of asset prices when such dynamics can be interpreted as bubbles. One strand of this literature, based on a combination of theoretical predictions and time-series estimation techniques, has recently developed tests for the detection of bubbles -or, more generally, mildly explosive behavior-in the data. The main idea, derived from asset pricing theory, follows from the consideration that the existence of a bubble in an observed time series of asset prices can be revealed by its dynamic stochastic properties. If a bubble develops in a given market, prices should inherit and exhibit, at least locally and for a limited time, its explosive dynamic behavior.
Empirical bubble detection strategies are derived, for example, in Phillips and Yu (2011) and Phillips, Shi, and Yu (2015) . Their approach, which has been used only rarely in the empirical literature so far, is based on tests able to detect bubbles in the data and to datestamp their occurrence. These tests use a recursive and rolling right-tail variation of the ADF unit root test in which, under the null hypothesis, the time series of interest has a unit root and, under the alternative hypothesis, the observed time series is, at least locally, a mildly explosive stochastic process with a root larger than one. If the null hypothesis of their test is rejected, one can estimate origination and termination of a bubble, or multiple bubbles. Phillips, Shi, and Yu (2015) show that a specific version of their procedure (based on a recursive flexible window method) can be used -under general regularity conditions-as a date-stamping strategy that can consistently estimate origination and termination of bubbles in long historical time series. Through Monte Carlo simulations, they also demonstrate that their strategy outperforms the approach initially proposed in Phillips and Yu (2011) . In particular, they argue that their test significantly improves discriminatory power and leads to non-negligible power gains when multiple bubbles are present in the data. 5
Testing for the Presence of Mildly Explosive Behavior
The testing strategy is based on the estimation of the following reduced-form equation,
where y t is the time series of interest, µ is an intercept, p is the maximum number of lags, and ε t is the error term. Testing for mildly explosive behavior is based on a right-tail variation of the standard ADF unit root test. Formally, we follow Phillips, Shi, and Yu (2015) and consider the statistical hypotheses, H 0 : δ = 1 vs H 1 : δ > 1.
We normalize the original sample interval of T observations to [0, 1]. The δ coefficient estimated by ordinary least squares over the (normalized) sample [r 1 , r 2 ] ⊆ [0, 1] and its corresponding ADF test statistic are denoted by δ r 1 ,r 2 and ADF r 1 ,r 2 , respectively. We define the (fractional) window size of the regression as r w = r 2 − r 1 . The Generalized Supremum
Augmented Dickey-Fuller (GSADF ) test is derived from a recursive procedure in which the ADF test statistic is calculated over (overlapping) rolling windows of increasing sizes and moving starting points (i.e., over a forward rolling and expanding sample). Each estimation in this recursive approach produces an ADF test statistic. The GSADF test statistic is defined as the supremum ADF r 1 ,r 2 statistic over all possible windows. Formally,
where r 0 is the smallest sample window width fraction (which initializes the computation of the test statistic, in this paper set to 10%) and 1 is the largest window fraction (corresponding to the full sample size) in the recursion. The recursion mechanism can be represented graphically as r 1 r 1 r 1 r 2 r 2 r 2 r 2 r 2 r 2 r 2 r 2 r 2 0 1 Sample Interval
The relevant critical values to be used for testing purposes are produced by means of a simulation based on the following steps. First, we generate a random sample of T observation based on a null model. As in Phillips, Shi, and Yu (2015) , the null model is a random walk process with an asymptotically negligible drift,
where η is a localizing coefficient that controls the magnitude of the drift as the sample size, T , approaches infinity, and e t is a normal error term. Second, we estimate equation
(1) by ordinary least squares and store the relevant test statistic (GSADF , in this paper).
Third, we repeat first and second steps 1, 000 times. Fourth, we calculate the 90% quantile of the distribution of the GSADF test statistic produced from these 1,000 simulations. This quantile is used to test the null of unit root against the alternative of an explosive process.
The simulation output includes the p-value for the computed test statistic, here defined as
where τ is the sample GSADF test statistic, I (·) is an indicator function that is equal to 1 if the condition expressed in its argument is true and 0 if the condition expressed in its argument is false, and {τ j } 1,000 j=1 is the sequence of simulated GSADF test statistics.
Date-Stamping Periods of Mildly Explosive Behavior
If the null hypothesis of the Generalized Sup Augmented Dickey-Fuller test is rejected, a similar procedure can be used, under general regularity conditions, as a date-stamping strategy to consistently estimate origination and termination of periods of mildly explosive behavior. For this purpose, we implement a recursive Supremum ADF test on a backward expanding sample sequence, specular to the recursive sequence that we described in the previous subsection. In this version of the recursion, the end point of each sample is fixed at r 2 (i.e., the sample fraction corresponding to the end point of the window) and the start point is allowed to vary from 0 to r 2 − r 0 (i.e., the sample fraction corresponding to the origination of the window). We obtain a sequence of ADF test statistics, {ADF r 1 ,r 2 } r 1 ∈ [0, r 2 − r 0 ], and a Backward Supremum ADF test statistic, which is defined as the supremum value of the ADF test statistic sequence over this interval,
Based on the sequence of test statistics, estimates of beginning ( r e ) and termination ( r f ) of a period of mildly explosive behavior (as fractions of the full sample) are given by
and
where cv β T r 2 is the 100 (1 − β T ) % critical value of the supremum ADF test statistic based on T r 2 observations and β T is a real number between 0 and 1. In other words, the origination date is the observation at which the BSADF statistic exceeds the critical value of the BSADF statistic. Similarly, the termination date is the observation at which the BSADF statistic falls below the critical value of the BSADF statistic. It is worth noting that GSADF test statistic and BSADF test statistic are related to each other,
Migration of Mildly Explosive Behavior
A reduced-form procedure for testing migration of mildly explosive behavior from one series X t to another series Y t is originally described in Phillips and Yu (2011) . Let θ X (τ ) be the coefficient of an autoregressive model with an intercept term for the time series {X t } τ =T r t=1 with r ∈ [r 0 , 1]. θ X (τ ) can be recursively estimated by ordinary least squares as θ X (τ ) (over a recursively increasing window with a fixed starting date that occurs as early as mathematically allowed in the sample). Similarly, we also define θ Y (τ ) and θ Y (τ ). By allowing for time variation in θ X (τ ), we try to capture possible structural changes in the coefficient originating from episodes of turmoil, panic, exuberance, or collapse. The goal is to test the presence of migratory effects on the dynamics of a second time series, Y t .
The intuition can be described in the following terms. When mild explosivity reaches its peak in X t (in correspondence of a local maximum in the sequence of BSADF test statistics), we can then test for its transmission to Y t . Under the alternative of migration, mildly explosive behavior emerges in Y t as it fades away in X t . From a modelling point of view, the null generating mechanism of Y t has an autoregressive coefficient, θ Y (τ ), that transitions from a unit root to a mildly explosive root and that is negatively associated with the corresponding recursive autoregressive coefficient for X t , θ X (τ ).
Suppose that the previously described date-stamping procedure identifies mildly explosive behavior in X t between τ eX = T r eX and τ f X = T r f X and in Y t between τ eY = T r eY and τ f Y = T r f Y . Suppose that the two sequences of BSADF test statistics for X t and Y t peak at times τ ρX = T r ρX and τ ρY = T r ρY , respectively, and that r ρY > r ρX . Let m = τ ρY − τ ρX = T r ρY − T r ρX be the number of observations in the interval ( τ ρX , τ ρY ]. Phillips and Yu (2011) show that the notion of migration that we have described in this section can be detected by first running the regression,
over a sample covering the period of collapse in X t and the coincident emergence of exuberance in Y t , and then by running the test, H 0 : β 1 = 0 vs H 1 : β 1 < 0. An asymptotically conservative and consistent test for these two hypotheses is based on a standard normal test statistic,
for some slowly varying function L (m), such as a log 10 (m) with a > 0 and m = O (T ).
Data
All methodologies described in the previous section are adopted to identify periods of explosive behavior in the individual time series in the sample. The objective is to determine the beginning and the end of these episodes of unstable dynamics, and to test for migration across individual fixed income markets. We construct seven interest rate spreads from U.S. fixed income markets. Data are collected from Bloomberg and organized in a sample of weekly observations, as in most of the related literature. Unless otherwise noted, we consider a period that spans between the week of September 27, 2002 and the week of January 16, 2015, for a total of 643 weekly observations. These seven spreads, which we describe in the next paragraph, exhibit some degree of heterogeneity that depends on the fixed income markets to which they refer, the maturity of the underlying securities, and whether or not they were affected by specific policy measures by the Federal Reserve Bank, the United States Treasury, the Federal Deposit Insurance Corporation, or other policy interventions during the Great Financial Crisis. Throughout the paper, we will refer to these spreads using their number and their descriptor, reported in parentheses below.
Spread 1 (3-month LIBOR-OIS). The 3-month LIBOR on unsecured deposits relative to the overnight indexed swap (OIS) rate. The 3-month LIBOR is the interest rate that banks face when they borrow unsecured funds on the interbank market with a 3-month maturity.
The OIS rate is the fixed interest rate that a bank receives in 3-month swaps between a fixed rate and a compound interest payment on a notional amount to be determined with reference to the effective federal funds rate. The LIBOR-OIS spread is widely perceived as an indicator of tensions in money markets, a measure of health of the banking system, and an index of risk and liquidity in the money market. It is a standard indicator of liquidity premium of widespread use and was possibly affected by swap arrangements among central banks during the Great Financial Crisis. While there are legitimate concerns that, after the LIBOR scandal emerged in 2008, the use of the LIBOR for analysis may require some caution, existing research suggests that LIBOR rates still remain a good measure of financial distress. 6
Spread 2 (3-month ABCP-Treasury). The 3-month ABCP relative to Treasury Bills of the same maturity. ABCP experienced a dramatic drop in transaction volumes during the financial crisis, a shortage that made this short-term spread particularly reflective of 6 Abrantes-Metz, Kraten, Metz, and Seow (2012) compare the LIBOR with other short-term borrowing rates between January 2007 and May 2008. They report some anomalous individual quotes, but eventually conclude that the evidence that they are able to provide is inconsistent with a material manipulation of the U.S. dollar 1-month LIBOR. Kuo, Skeie, and Vickery (2012) show that LIBOR survey responses broadly track alternative measures of borrowing rates. Fouquau and Spieser (2015) find, instead, some evidence of manipulation. See also Duffie and Stein (2015) for additional findings. We acknowledge that evidence is mixed. However, in our analysis, we limit the use of the LIBOR to the computation of only one of the seven spreads in the dataset. Table 1 . We report the empirical distribution of each spread in Figure 2 . A generally positive and large skewness is associated with a sizeable divergence between mean and median in most spreads. Large excess kurtosis is present in all spreads, 7 We use yield spreads from two portfolios of securities related to real estates for which the construction of long enough time series is possible. Data for other mortgage rates are also available, among which a 5-year index of private-label Aaa-rated fixed-rate CMBS yields, computed by Bloomberg/Morgan Stanley; an index of 30-year fixed-rate residential prime mortgage rates computed by Freddie Mac; and a portfolio index series for lower-rated private-label MBS and CMBS. However, all these additional time series are too short to be successfully used within the econometric methods adopted in this paper.
but Spreads 3 and 7 (see Table 2 ). Spreads 1-7 are plotted in the lower part of each panel in Figures 3 and 4. A feature common to all spreads in the dataset is their substantial increase, approximately located in the middle of the sample. All yield spreads peak in September 2008. Such a simultaneous increase likely depends on a common factor and is, broadly speaking, the reflection of a turbulence in financial markets, which would later become the Great Financial Crisis. Except for Spread 3, all spreads are relatively flat between the beginning of the sample and 2007. Some of them remain close to their historical means (Spreads 2, 5, and 6). Some of them generally fluctuate either slightly above (Spread 7) or slightly below their respective means (Spreads 1, 3, and 4). All of them start widening in 2007, during the initial stages of the Great Financial Crisis as dated in Contessi, De Pace, and Guidolin (2014) , when the economic and financial turmoil only appeared to affect markets directly connected to the sub-prime real estate industry (see At-Sahalia, Andritzky, Jobst, Nowak, and Tamirisa, 2012) . Worth noting is the fact that these seven interest rate spreads start rising well before fall 2008, the period conventionally referred to as the beginning of the Great Financial Crisis.
The relative increases in yield spreads during the crisis range wildly, but, proportionally, tend to be milder in spreads with longer maturities. As observed in an unreported investigation on several subperiods, variances and interquartile ranges show remarkable rises during the Great Financial Crisis, and return close to pre-crisis levels in the months after June 2009. Related research on fixed income yield spreads also shows that, generally, they do not contain unit roots over their individual full samples (see Batten, Hogan, and Jacoby, 2005) .
Results
We look for mildly explosive dynamics in the seven interest rate spreads in the sample and then test for their migration from market to market. Table 3 reports the individual outcomes of the recursive right-tail ADF tests that we run. The Schwartz Information Criterion is adopted to select the optimal lag length in all test regressions. In each case, we allow for a maximum of 52 lags. The time series of Spreads 1, 2, 3, 6, and 7 have the same length in the sample. As such, they share the same simulated critical values. The tests on Spreads 4 and 5 are based on different and specific critical values, as their corresponding time series span shorter periods of time.
We find evidence of mildly explosive behavior in all spreads, but Spread 7 (30-year Freddie Mac conventional fixed-rate MBS-Treasury). The periods over which we identify these explosive dynamics are graphically depicted in Figures 3, 4 , and 5. In the upper panels of Figures 3 and 4 , we report the sequences of spread-specific BSADF test statistics and their corresponding sequences of critical values. Periods of mildly explosive behavior are represented in each case by grey bars. Some of these periods are associated with generally increasing yield spreads (i.e., the price of the risky asset is falling relative to the price of the safer asset in the spread); some of them are, instead, associated with generally decreasing yield spreads (i.e., the price of the risky asset is rising relative to the price of the safer asset in the spread). The statistical procedure allows us to specifically estimate periods of instability, which we summarize in the following chart. We also provide an indication of the general behavior of each spread (increasing, I, or decreasing, D, pattern -i.e., distress or adjustment) over each estimated time frame, Peaks of instability in the dynamics of each spread occur in correspondence of the global maxima in the sequences of BSADF test statistics. They appear over periods during which yield spreads tend to increase, as emphasized in Figure Board voted to reduce the primary credit rate by 50 basis points to 5.75%, thus narrowing the difference with the Federal Open Market Committee (FOMC)'s federal funds rate target to only 50 basis points. The Board of Governors of the Federal Reserve also increased the maximum term of the the primary credit borrowing to 30 days, in a move to facilitate access to liquidity by qualifying banks. The FOMC then released a public statement discussing the turmoil in U.S. financial markets and pointing out that the "downside risks to growth" had "increased appreciably." Despite the fact that the date-stamping technique formally limits the mildly explosive behavior in Spread 2 to the beginning of February 2008, a visual inspection of the yields that we use to construct it (Figure 1) suggests that the adjustment period in the associated fixed income market might have, instead, ended much later, in mid-2009. As Figure 3 shows, the sequence of BSADF test statistics for Spread 2 exceeds the sequence of critical values between the end of 2008 and the first half of 2009, a period during which the spread is particularly large. However, the BSADF test statistic sequence does not remain above the sequence of critical values for long enough to allow the formal detection of distress.
The two spreads in the sample that most accurately track the dynamics in the real estate -is associated with a spread increase; the second -between January 8, 2010 and March 12, 2010 -is associated, instead, with a long spread decrease) ends in March 2010, when the Federal Reserve Board increased slightly the discount rate from 0.5% to 0.75%, shortened the maximum maturity for discount window loans, and held the final Term Auction Facility (TAF) auction, citing continued improvement in financial market conditions. 9
Mild explosivity characterizes the time series of the 20-year Moody's Baa-Aaa-rated cor-porate spread (Spread 5) during a short spell in the second half of 2004. This spell is associated with a generally downward-sloping trajectory for the spread itself. Furthermore, mild explosive behavior is detected during a long period associated with initially increasing and then decreasing spread dynamics, temporally located between February 29, 2008 (just before the collapse of Bear Stearns) and May 22, 2009, which is approximately the end of the overall disruption in funding markets. Spread 6 (i.e., the junk spread) starts exhibiting instability by the end of 2008, arguably at the peak of the financial crisis, after the bankruptcy of Lehman Brothers, as the financial panic spreads from interbank markets and the shadow banking system to the funding markets for corporations -i.e., to the "real economy."
Finally, we investigate the possibility of migration of explosive behavior from market to market, from a peak of instability to another, by implementing the testing strategy discussed in Section 2. All results are reported in Tables 4, 5, and 6. The global peaks in the sequences of BSADF statistics are reported in each table for each individual spread. We do not report a global peak for Spread 7 (30-year Freddie Mac conventional fixed-rate MBS-Treasury), given that, in this case, we do not detect any statistically significant explosive behavior over the sample. Based on the previously described chronological appearance of these peaks, we test for migration from Spread 1 (3-month LIBOR-OIS) to Spreads 2-6, for migration from Spread 2 (3-month ABCP-Treasury) to Spreads 3-6, and for migration from Spread 3
(1-year Aaa ARM-Treasury) to Spreads 5-6 (the two 20-year corporate bond spreads). We do not formally test for migration from Spread 4 (5-year Aaa private-label CMBS-Treasury) to Spread 3, given that the two respective peaks are too close to each other to allow for a meaningful estimation of the test regression. Variable m in each table represents the number of weekly observations between the peak in the sequence of BSADF test statistics for the spread from which we test migration and the peak in the sequence of BSADF test statistics for the spread towards which migration might be occurring. 10 Starting from the fifth column of each table, we report (i) estimated slope coefficient of each test regression (as described in Section 2.3), (ii) associated standard error and t-statistic, and (iii) value of L (m) and Z β computed for different values of parameter a, here allowed to vary discretely from 1/5 to 3.
We detect statistically significant migration from Spread 1 (3-month LIBOR-OIS) to Spread 4 (5-year Aaa private-label CMBS-Treasury), and from Spread 2 (3-month ABCP-Treasury) to Spread 4 and Spread 6 (20-year Moody's Bbb-Aa-rated corporate). These outcomes support the notion that the tensions and turmoil that emerged in short-term funding markets in the second half of 2007 transmitted to the more volatile medium-and long-term real estate derivatives market and corporate junk bond market at some point during the financial crisis. Such evidence is consistent with the aforementioned pattern of instability peaks, sequentially occurring in short-term funding markets first and in more volatile medium-and long-term markets later, between August 2007 and January 2009, a time frame that spans entirely the most turbulent months of the Great Financial Crisis.
The Panic of 2007 Revisited
The ABX is a credit default swap (CDS) contract that pools lists of exposures to mortgage backed securities. The ABX.HE is a set of indices that tracks credit default swaps on U.S. residential mortgage-backed securities (see, for example, Reserve Bank of Australia, 2008; Fender and Scheicher, 2009; Gorton, 2009a,b , for more detailed discussions). Four groups of ABX indices were issued every six months between January 2006 and 2008. Each index tracks credit default swaps on a fixed sample of twenty residential mortgage-backed securities, predominantly based on sub-prime mortgages issued in the previous six months. Each group of indices include five sub-indices, each of them corresponding to a different rating class of residential mortgage-backed securities, namely AAA, AA, A, BBB, and BBB-. However, one should note that the rating of the underlying securities in any given ABX index could change later. Classes BBB and BBB-represent the investment grades for the riskiest sub-prime mortgage loans, with BBB-class being the riskiest. We plot these five sub-indices in the five charts of Figure 6 . As of 2007, these sub-indices became closely monitored barometers for changes in U.S. sub-prime debt markets on Wall Street, and as such they came to represent a focal point for market participants.
The ABX.HE.06-1 indices represent the first issuance of these kind of data and refer to tranches of twenty residential mortgage-backed securities issued in the second half of 2005.
In the rolls that were released every six months in the subsequent two years, due to the deepening of the sub-crime crisis, the number of issuances had dropped so much that ABX indices could not be constructed anymore starting from 2008. While each ABX.HE index contract were issued in a fixed notional amount in which the twenty underlying tranches are equally weighted, during the life of the contract the notional amount would decline, typically due to write-downs or payments. In practice, ABX.HE indices functioned like a credit default swap allowing investors to buy or sell insurance on the underlying tranches of residential mortgage-backed securities, therefore providing both hedging and trading opportunities. As pointed out in Gorton (2009a,b) , given that ABX.HE indices traded based on price rather than spread, and given that the premium rate on each index was fixed at its launch, the market prices of such indices adjust to reflect changes either in risk aversion or in the market evaluation of the default risk related to the underlying residential mortgage-backed securities.
In particular, a price reduction below par can be interpreted as an increase in the market cost of protection relative to the same cost at launch of the product. Gorton (2009a,b) argue that the ABX.HE indices provided a rare source of information regarding the pricing of sub-prime securities in the initial phases of the Great Financial Crisis. Reportedly, many investors used these indices as a point of reference to evaluate their (potentially very heterogeneous) holdings of real-estate-related securities. The visible contraction of the ABX.HE indices at the beginning of 2007 prompted several financial institutions to report large credit write-downs on sub-prime related securities. Gorton (2009a) considers this event the de facto beginning of the panic of 2007-08. Later investigations rationalized this episode as a financial panic akin to bank runs. However, in this particular crisis, such a panic also affected the shadow banking system (see Bernanke, 2012) rather than the regulated commercial bank sector.
In this section, we formally test Gorton (2009a,b) 's conjecture that the collapse of ABX indices, occurred between 2007 and 2009, triggered a reaction in other financial markets in the United States, including fixed income markets. Such a reaction was likely determined by a signaling mechanism about the state of the market of mortgage-backed securities, which quickly and significantly deteriorated in the initial phases of the Great Financial Crisis. We statistically test for the migration of financial distress from the ABX market to fixed income markets after taking data from the first roll of ABX indices, which provides the longest time series for empirical analysis. While data on spreads constructed from each individual ABX index and LIBOR rates are also available, they often hinge on assumptions that are difficult to justify or interpret. In our opinion, the price of the index represents a more transparent variable to adopt. We apply our empirical strategy on the BBB index only, namely the ABX.HE.BBB.06-1 index, which is related to tranches of residential mortgagebacked securities issued in the second half of 2005 and rated BBB.
As explained in the technical section, running the recursive methodology for the detection of mildly explosive behavior in time-series data requires an initial window of observations to be used to initialize the procedure. The date that Gorton (2009a) identifies as the beginning of the panic in the ABX market is temporally located in the last week of July 2007. The application of the technique consumes data points in the ABX.HE.BBB.06-1 index through the second half of 2007, as we use a 10% initial window for the recursion and given that the weekly data for the indices in the sample only span the period between the week of January 19, 2006 and the week May 14, 2015 (a total of 487 observations). Therefore, based on Gorton (2009a)'s considerations, we exogenously impose the beginning of the distress affecting the ABX.HE.BBB.06-1 index in the week of July 27, 2007. As a robustness check, we also collect daily data for the ABX.HE.BBB.06-1 index between January 19, 2006 and May 14, 2015 (a total of 2,434 observations) and run the right-tail ADF test described in Section 2, allowing for a maximum lag of 30 observations. We find statistically significant evidence of mild explosive behavior in the time series of this index even when we run a test with a size of 1%. When the index starts collapsing at the beginning of 2007, mild explosivity peaks for the first time (a global maximum of 6.213 in the sequence of BSADF test statistics) on February 12, 2007 and for the second time (a local maximum of 5.865, the third largest in the sample) just a few months later, on July 27, 2007, in the same week that we exogenously identify and adopt when testing for panic transmission.
Starting from that weekly observation, we test for panic transmission to other fixed-income markets, and only to those represented by yield spreads which, based on our previous analysis, exhibit peaks in the sequence of BSADF test statistics after the week of July 27, Table 7 and show evidence of transmission from the ABX.HE.BBB.06-1 index to medium-and long-term real estate derivatives and corporate junk bond markets (Spreads 4 and 6), thus statistically validating Gorton (2009a,b )'s argument. The instability in the ABX market transmitted directly to the riskiest mortgagerelated fixed income market and to the riskiest corporate bond market in the sample. A mechanism of panic and propagation is therefore formally detected during the Great Financial Crisis using the described methodology.
Empirical outcomes are reported in

Conclusions
This study contributes to the understanding of the time-series behavior of yield spreads related to U.S. fixed income markets between 2002 and 2015, with a particular focus on the turbulent years of the Great Financial Crisis. Based on the availability of data at the weekly frequency, we construct a panel of seven yield spreads derived from a variety of instruments and yields in U.S. fixed income markets and identify periods of mildly explosive behavior in the dynamics of their time series. Six out of these seven spreads are characterized by spells of statistically significant mild explosivity, which, depending on the context, can be interpreted either as periods of financial turmoil and distress or periods of adjustment. From a temporal point of view, the spells that we are able to estimate exhibit a degree of concordance with the Great Financial Crisis. Such concordance is particularly evident in the case of short-term spreads and in the case of those spreads in the sample that capture the risk(s) associated with the real estate market.
We also find evidence of instability/distress migration across markets. During the Great Financial Crisis, mild explosive dynamics migrate from markets associated with short-term funding (3-month LIBOR-OIS spread and 3-month ABCP-Treasury spread) to markets represented by spreads constructed from medium-and long-term fixed income assets in both the real estate derivatives market and the corporate junk bond market.
Finally, we investigate Gorton (2009a,b) 's idea that the ABX index may have provided information about the developments of the real estate market just before the beginning of the crisis in 2007 and that this information may have triggered a panic that spread across financial markets. We test for the migration of mildly explosive behavior from the ABX market to the segments of fixed income markets represented by the seven yield spreads in the sample. We indeed find statistical evidence of migration, particularly towards risky fixed income markets linked to real estate securities and corporate bonds.
These findings suggest that there exist avenues of migration of financial distress that might be amenable to policy intervention, at least to the extent to which that financial turmoil can be detected early in the data.
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Notes. These graphs represent the yields used to construct the seven spreads described and analyzed in this paper. Shaded areas represent the Great Financial Crisis period, as dated in Contessi, De Pace, and Guidolin (2014) Notes. Shaded areas represent periods of mildly explosive behavior. . m: number of weekly observations between the observation immediately after peak of mildly explosive behavior in Spread 1 and peak of mildly explosive behavior in other spreads. L(m)=a*log(m). *** denotes statistical significance at the 1% level; ** denotes statistical significance at the 5% level; * denotes statistical significance at the 10% level. Notes. Critical values for one-sided (left-tailed) test of migration (see details in Section 2): -2.326 (1% level test), -1.645 (5% level test), -1.282 (10% level test). m: number of weekly observations between the observation immediately after peak of mildly explosive behavior in Spread 2 and peak of mildly explosive behavior in other spreads. L(m)=a*log(m). *** denotes statistical significance at the 1% level; ** denotes statistical significance at the 5% level; * denotes statistical significance at the 10% level. . m: number of weekly observations between the observation immediately after peak of mildly explosive behavior in Spread 4 and peak of mildly explosive behavior in other spreads. L(m)=a*log(m). *** denotes statistical significance at the 1% level; ** denotes statistical significance at the 5% level; * denotes statistical significance at the 10% level. Notes. Critical values for one-sided (left-tailed) test of migration (see details in Section 2): -2.326 (1% level test), -1.645 (5% level test), -1.282 (10% level test). m: number of weekly observations between the observation immediately after the exogenously determined peak of mildly explosive behavior in ABX BBB and peak of mildly explosive behavior in other spreads. L(m)=a*log(m). *** denotes statistical significance at the 1% level; ** denotes statistical significance at the 5% level; * denotes statistical significance at the 10% level.
Peak is exogenously imposed as described in Section 5. L(m) Z β Highlights:
• We test for the existence of mildly explosive behavior in seven U.S. fixed income yield spreads.
• We find evidence of mildly explosive behavior in all but one spread.
• We find evidence of migration of mildly explosive behavior from spreads representing short-term funding markets to spreads with longer maturity in the real estate derivatives market and corporate junk bond market.
• We empirically validate Gorton (2009a,b) 's conjecture that the financial panic of 2007-09 initially spread from the ABX index to other fixed income markets.
